Abstract: Examining the direct and indirect effects of climatic factors on vegetation growth is critical to understand the complex linkage between climate change and vegetation dynamics. Based on the Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) data and meteorological data (temperature and precipitation) from 2001 to 2012, the trend of vegetation dynamics were examined in the Ziya-Daqing basins, China. The path analysis was used to obtain the information on the relationships among climatic factors and their effects on vegetation growth. It was found that the trends of growing season NDVI were insignificant in most plain dry land, while the upward trends were significant in forest, grass and dry land in Taihang Mountains. According to the path analysis, in 23% of the basins the inter-annual NDVI variation was dominated by the direct effect of precipitation, in 5% by the direct effects of precipitation and temperature, and in less than 1% by the direct effect of temperature or indirect effects of these two climatic factors. It indicated that precipitation significantly affected the vegetation growth in the whole basins, and this effect was not regulated by temperature. Precipitation increase (especially in July, August and September) was favorable to greenness enhancement. Summer temperature rising showed negative effect on plant productivity enhancement, but temperature rise in April was beneficial for the vegetation growth. When April temperature increases by 1℃, the onset date of greenness for natural vegetation will be 2 days in advance. There was a lag-time effect of precipitation or temperature on monthly NDVI for all land use types except grass.
Introduction
Climate exerts the dominant control on the spatial distribution of plant species on the global scale. Characterized by the variations of temperature and precipitation, climate variability and change has had a profound effect on dynamics and spatial pattern of vegetation. Simultaneously, vegetation plays a critical role in regulating the earth's climate through altering the physical characteristics of land surface such as albedo, roughness, water conductivity and atmospheric gas composition. Therefore, it is widely accepted that vegetation is a sensitive indicator of climate change. Many scholars have sought to detect the vegetation dynamics and explore its climatic mechanism (Gurgel and Ferreira, 2003; Matthews et al., 2004; Xu and Liu, 2007; Jedrzejek et al., 2013) .
The response of vegetation to climate change is complex and shows variations in different locations and over time. Generally, precipitation is the limiting factor for plant growth in the arid and semi-arid areas across the globe (Kawabata et al., 2001; Fensholt et al., 2012) , while temperature is the restricted factor in the high latitudes of north hemisphere and Qinghai-Tibet Plateau (Zhou et al., 2001; Li et al., 2015) . Over the whole China, the long-term variation of Normalized Difference Vegetation Index (NDVI) is determined by the persistence of above or below average temperature, but that of the short term is controlled by precipitation (Meng et al., 2011) . In addition, the effects of temperature and precipitation on vegetation are closely related to land use type, soil types and human management practices (Yang et al., 2006; Cao et al., 2011; Chuai et al., 2013) . To deeply understand the response of vegetation to climate variability and change, the location specific case study with correlated variables is still necessary.
Ground based measurements are difficult to use for detecting and predicting vegetation dynamics on the regional or global scale, because such data are collected at small spatial and temporal scales and varies in data types and reliabilities. Satellite imagery is now considered to be a goldmine to study the relationship between vegetation dynamics and climate change with the ability to capture the characteristics of temporal dynamics and spatial heterogeneity of vegetation response to climate change at fine enough spatial resolutions (Kerr and Ostrovsky, 2003) . Remotely sensed NDVI can indicate the growth status, phenology and coverage of vegetation (Reed et al., 1994; Gutman and Ignatov, 1998; Yang et al., 1998) . It has been widely used to monitor the vegetation dynamics (Kinyanjui, 2011; Wylie et al., 2012) and vegetation response to climate change (Olsson et al., 2005; Cui et al., 2012) .
The lag-time effect of vegetation responses to climatic variations is widely observed and depends on vegetation types and growth phases (Wang et al., 2001; Revadekar et al., 2012) . For example, for the broadleaf forest in Inner Mongolia of China, summer NDVI responds to spring precipitation significantly, while the lag-time effect of summer precipitation on autumn NDVI is not significant (Chuai et al., 2013) . For the same vegetation type, the length of lag time shows variations in different regions. For instance, NDVI lags behind the rainfall for one month in Africa savanna (Chamaille-Jammes et al., 2006) , but for temperate steppe and desert steppe in China a time lag of three months exists between NDVI and precipitation (Piao et al., 2006) .
Vegetation phenology is a sensitive indicator of climate change (Menzel and Fabian, 1999) . The spring phenology is closely correlated with temperature, while the temperature sensitivity exhibits substantial variability for various vegetation types in different regions (Wang et al., 2015a) . Further, the linkage between phenology and precipitation must be taken into account . For example, the onset of vegetation greenness closely follows the start of rain season in Africa (Zhang et al., 2005) and the pattern of vegetation phenological response to air warming is limited by water limitations before the growing season in Mongolian steppes (Yu et al., 2003) .
Moreover, the effect of one climatic variable on vegetation growth may via other climatic variables. For example, precipitation will decrease temperature, which is not good for vegetation growth in Northeast Inner Mongolia (Chuai et al., 2013) . Global warming decreased precipitation in North China (Zhang et al., 1994) , which might be unfavorable for vegetation growth there. However, in present studies, the simple and partial correlation coefficients were mainly utilized to investigate the impact of climatic factors on vegetation growth Piao et al., 2006; Mu et al., 2012; Cong et al., 2013; Wang et al., 2014; Wang et al., 2015a) , the direct effect of one climatic factor on vegetation growth and the indirect effect of this climatic factor via other climatic factors were seldom quantified (Sun et al., 2005) .
Owing to the complex interaction between climate and vegetation, it is still a critical issue to quantify the effects of climatic variability on the vegetation in specific areas. The Ziya-Daqing basins are in the semi-arid and semi-humid area, where evapotranspiration is the major component of water balance and prosperous vegetation growing will accelerate this vertical water flux and possibly mitigate the surface runoff in wet years (Montaldo et al., 2005) . It is important to detect the vegetation response to climatic variations in this water scarcity area. In relevant researches about this area, the area where the vegetation growth was primarily impacted by climate factors was identified by partial and multiple correlation coefficients (Wang et al., 2014) , and the relationship between vegetation productivity and climatic factors were examined mainly through the simple correlation coefficient, linear regression and analysis of variance (Tao et al., 2006; Yang et al., 2006; . However, the direct and indirect effects of climatic factors on vegetation productivity were not quantified.
In this paper, the area where the vegetation growth was dominated by the direct and indirect effects of temperature and precipitation were examined after the vegetation dynamics were investigated during 2001-2012 in the Ziya-Daqing basins. To further detect the vegetation response to climatic variations in this area, the lag-time effect of temperature and precipitation on NDVI and the sensitivity of phenology to these two climatic factors were also examined.
Materials and Methods

Study area
In this study, the Ziya-Daqing basins (36°07′-40°16′N, 112°03′-116°39′E) are selected as the study area. It is located in the mid-west of Haihe Basin, with an area of 81 600 km 2 (Fig. 1) . The west is among the Taihang
Mountains and the east is in the North China Plain (NCP). A temperate monsoon climate prevails in the study area, with hot summer and cold winter. The mean annual temperature is about 10℃. The annual precipitation ranges from 400 to 600 mm and 70%-80% falls in June, July and August. According to the land use data from Landsat Thematic Mapper (TM) images in 2000 (http://www.resdc.cn), the land use types (Fig. 1b) are mainly consisted of plain dry land (dry land in a plain area; 39%, ratio to the total study area), grass (24%), forest (18%), built-up land (8%), hilly dry land (dry land in a hilly area, 6%), mountain dry land (dry land in a mountain area, 3%) and water area (2%). In this paper, dry land refers to the cropland for cultivation without water supply and irrigation facilities, cropland that has water supply and irrigation facilities and planting dry farming crops, cropland planting vegetables or fallow land. Moreover, the grass contains dense grass (9%) with coverage fraction > 50%, moderate grass (8%) with coverage fraction 5%-20% and sparse grass (7%) with coverage fraction < 5%. The forest includes woods (6%) with coverage fraction > 30%, shrub (9%) with coverage fraction > 40%, sparse woods (2%) with coverage fraction 10%-30% and other woods (1%).
Data
The NDVI images from 2001 to 2012 were acquired from National Aeronautics and Space Administration Earth Observing System (NASA/EOS) Moderate Resolution Imaging Spectroradiometer (MODIS) data product MOD13Q1, with a spatial resolution of 250 m and a temporal resolution of 16 days interval. In order to remove the effect of cloud and other atmospheric conditions, for each pixel the NDVI time series was smoothed by the Savitzky-Golay (S-G) filter (Savitzky and Golay, 1964) . To further reduce residual atmospheric and bidirectional effects, the maximum NDVI during a month was defined as the monthly NDVI (Piao et al., 2006) . In this study, annual mean NDVI was derived by computing the average of monthly NDVI in the growing season (April to September) to eliminate the effect of bare soil. Further, for the plain dry land in the NCP, the growing season was divided into winter wheat growing season from April to May and summer maize growing season from June to September. The meteorological data included the daily average temperature and precipitation of 78 meteorological stations in and around the study area (http://cdc.cma.gov. cn), and each year the stations which lacked data were excluded. Based on Gradient plus Inverse Distance Squared (GIDS) interpolation method (Lin et al., 2002) , the spatial patterns of these two climatic variables with a spatial resolution of 250 m were constructed.
Method
Analysis of vegetation dynamics
The trend of annual mean NDVI from 2001 to 2012 was calculated by the linear regression, and the significance of the trend was derived based on F test. The abrupt change of annual mean NDVI was explored based on the sequential version of Mann-Kendall test (Sneyers, 1975) . The possible NDVI variation in the future was investigated by Hurst exponent (H).
The H is an approach to quantitatively detect the long-memory behavior of a time series (Hurst, 1951) . The value of H varies from 0 to 1. The H value of 0.5 means the time series is a stochastic series without consistency. The H value greater than 0.5 indicates the consistency persists in the time series and implies the same change trend in the future, with the greater value for the higher consistency. The H value less than 0.5 refers to anti-consistency of the time series and indicates an opposite change trend in the future, with the less value for the higher anti-consistency.
The H can be calculated based on the absolute value method (Taqqu et al., 1995) , aggregated variance method (Tomsett and Toumi, 2001 ), rescaled range (R/S) method (Sánchez Granero et al., 2008) and the variance of residuals method (Montanari et al., 1999) . Here the aggregated variance method was used to look for persistence in the NDVI series, for this method works well on shorter series (Tomsett and Toumi, 2001 ). The first step in applying the aggregated variance method is to divide a series X i (i = 1, 2, …, N) into N/m no overlapping blocks of size m. The average value of block k, namely X m (k), is expressed as,
The sample variance of these means, VarX m , is calculated and the entire process repeated for different block size m. There is a linear relationship between log(VarX m ) and log(m), and H can be derived from Equation (2).
where α is the slope of this fitted line.
Effect of temperature and precipitation on NDVI
In order to quantify the direct and indirect effects of temperature or precipitation on vegetation growth, the direct effect of temperature on NDVI (A t ), indirect effect of temperature via precipitation on NDVI (A tp ), direct effect of precipitation on NDVI (A p ) and indirect effect of precipitation via temperature on NDVI (A pt ) were calculated based on the path analysis. Further, in order to obtain the contribution of temperature and precipitation variations to vegetation dynamics, the combined effect of these two factors on NDVI (R t ) was also calculated. Moreover, in order to get the primary climatic factor that affected the vegetation growth, the relationships between those effects aforementioned were examined. According to the principle of path analysis (Fang and He, 2003; Zhang et al., 2014) , the correlation coefficient (r jy ) between the independent variable x j (j = 1, 2, …, n) and dependent variable y can be divided into the direct effect of x j on y (b j ) and indirect effect of x j on y via other independent variable x k (r jk b k ).
where k/ = j, n is the number of independent variables, r jk is the correlation coefficient between x j and x k , b k is the direct effect of x k on y. The direct effect b j (j = 1, 2, …, n) can be acquired from Equation (4).
where ε y is the residual error, y stad and x stad,j are the standardized y and x j , which can be acquired from Equation (5).
where V may be y or x j , V stad is the standardized V, V m and σ V are the average and standard deviation of V , respectively. Further, the multiple correlation coefficient (R y ) between y stad and x stad,j (j = 1, 2, …, n) represents the contribution of all independent variables to the variation of dependent variable. Thus, the correlation coefficient (r tndvi ) between NDVI and temperature can be divided into the direct effect of temperature on NDVI (A t ) and indirect effect of temperature via precipitation on NDVI (A tp ),
The correlation coefficient (r pndvi ) between NDVI and precipitation is divided into the direct effect of precipitation on NDVI (A p ) and indirect effect of precipitation via temperature on NDVI (A pt ).
The direct effect of temperature (A t ) and precipitation (A p ) on NDVI can be obtained by the following multiple linear regression,
where ε refers to the residual error, NDVI stad , T stad and P stad represent the standardized NDVI, temperature and precipitation. The indirect effects of temperature (A tp ) and precipitation (A pt ) can be acquired according to equations (9) and (10).
where r tp is the correlation coefficient between temperature and precipitation. For the direct and indirect effects of temperature (A t and A tp ) or precipitation (A p and A pt ), assuming
If -1≤ α t < -0.5, the direct effect of temperature (A t ) is negative and greater than the indirect effect of temperature (A tp ). If α t = -0.5, A t is negative and comparable to A tp . When -0.50 < α t < 0, A t is negative and smaller than A tp . α t = 0 indicates A t is weak. 0 < α t < 0.5 indicates A t is positive and smaller than A tp . α t = 0.5 indicates A t is positive and comparable to A tp . 0.5 < α t ≤ 1 indicates A t is positive and greater than A tp . α t or α p is defined as the relative effect of temperature or precipitation.
The combined effect of temperature and precipitation on NDVI (R t ), namely the multiple correlation coefficient between NDVI and temperature and precipitation, can be obtained through Equation (8). Moreover, the significance of A t , A p , r tndvi , r pndvi and R t are obtained from F test, and when R t is significant, the path analysis is effective.
Method for identifying onset and cessation date of greenness for natural vegetation
Vegetation phenology can be retrieved from satellite NDVI by dynamic threshold method (White et al., 1997) , smoothed moving average method (Schwartz et al., 2002) and curve fitting models (Myneni et al., 1998) . In this paper, the dynamic threshold method (White et al., 1997; Yu et al., 2010; Cong et al., 2013; Wang et al., 2015a) was used to identify the onset (leaf expansion, grass green-up) and cessation (leaf abscission, grass brown-off) dates of greenness for natural vegetation. The dynamic threshold of NDVI (NDVI cut ) was described as follows.
where NDVI max and NDVI min were the maximum and minimum daily NDVI of each year, and daily NDVI time series was acquired by the Lagrange interpolation formula (Cong et al., 2013) . Based on the dynamic threshold method, the first day (Julian day) when daily NDVI was larger than or equal to NDVI cut was the onset date. From the day of NDVI max , the first day when daily NDVI was smaller than or equal to NDVI cut was the cessation date. In order to reduce the error, it was conducted only for the pixels of forest and grass with land use fraction of 100%. For these cells, by computing the average, the onset and cessation dates of natural vegetation over the whole area were obtained.
Results and Analyses
3.1 Vegetation dynamics 3.1.1 Multi-year mean NDVI Over the whole study area, the average value of multiyear mean NDVI (NDVI m ) from 2001 to 2012 was 0.57 (Fig. 2c ). The area with NDVI m above 0.7 took up 34% of the basins, including the mid-western area composed of arbor and shrub and the area in the NCP with dualcropping system (winter wheat and summer maize). The area with NDVI m below 0.6 took up 23% of the basins, including the transition zone from Taihang Mountains to the NCP, Xinzhou Basin (northwest narrow strip) with single-cropping system and the area in the NCP with vegetables, cotton and oil plants. The average value of the coefficient of variation (CV) for annual mean NDVI was 0.06 (Fig. 2d) . The spatial patterns of CV and NDVI m were reverse. Namely, in the area where NDVI m was higher CV was lower, and vice versa ( Most area with lower NDVI was around the city due to urban expansion in the recent decade (Hao, 2010) . Moreover, since irrigation could not be guaranteed, NDVI fluctuation was also greater for the dry land around Xinzhou Basin.
Trend of annual mean NDVI
The spatial heterogeneity for the trend of annual mean NDVI was obvious (Fig. 4) . In most areas of the basins, the trend of NDVI during 2001-2012 was not significant (P > 0.05). In the mid-east edge and western Taihang Mountains, NDVI showed significant positive trend (trend > 0, P < 0.05), accounting for 29% of the basins. Around the city, such as Shijiazhuang, since farmland changed into built-up land , the trend of NDVI was negative and significant (trend < 0, P < 0.05), with area ratio of 4%. According to the study by Wang et al. (2014) , in 20% of the Haihe River Basin the vegetation degraded during 1998-2011. Obviously, the percent of the area where NDVI decreased was larger in the whole Haihe River Basin, partly because the urban expansion was more violent in other parts of Haihe River Basin, such as the area around Beijing.
The ratio of the area with significant NDVI trend (P < 0.05) to the total area of each land use type was different, with the order being plain dry land (26%) < forest (35%) < hilly dry land (38%) < grass (54%) < mountain dry land (56%). Moreover, the ratios of the area with significant upward trend (trend > 0, P < 0.05) for plain dry land, forest, hilly dry land, grass and mountain dry land were 16%, 33% (20% from shrub), 36%, 51% (14%, 20% and 17% from dense, moderate and sparse grass) and 54%, and the values for significant downtrend (trend < 0, P < 0.05) were 10%, 2%, 2%, 2% and 2%, respectively. For plain dry land, assuming the significant downward trend within 5 km of the city was caused by urbanization, the ratio of this kind of area to the total area of plain dry land was about 5%, which indicated that approximately 5% of the plain dry land changed into built-up land during 2001-2012 and half of the NDVI decrease area for plain dry land was caused by urban expansion.
The NDVI trend for each land use type was also different. Except for plain dry land, NDVI of all other land use types showed significant trend. The order of NDVI increasing rate was plain dry land < forest < hilly dry land < grass < mountain dry land (Table 1) , which was (Fig. 5 ). For forest, as the lengthy root system could uptake the deep soil water when there was water stress (Eamus et al., 2013) , the vegetation response to exceptional precipitation was not significant (Fig. 5) . For grass and mountain dry land, NDVI abrupt change occurred in 2006 and 2005, corresponding to the local minimum annual precipitation for each land use type. For grass, annual precipitation in 2006 was 437 mm, which was smaller than that in the former three and latter two years. Moreover, this value was 59 mm lower than the mean value for the former three years and 96 mm for the latter two years. For mountain dry land, annual precipitation in 2005 was 428 mm, which was 16% below the mean value for the former two years and 14% below that for the latter three years.
Persistence in NDVI series
As shown in Fig. 6 , Hurst exponent was larger than 0.5 in most area with significant NDVI trend (Fig. 4) , which indicated that the NDVI trend in the future will be the same as that during 2001-2012. The area where Hurst exponent was greater than 0.8, namely the persistence of NDVI variation in the future will be stronger, was mainly with low NDVI, small slope and high elevation. On the contrary, the area with Hurst exponent below 0.5, namely the variation in the future will be opposite to that at present, was mainly with high NDVI, great slope and low elevation and took up 1% of the basins. For the land use types with significant NDVI trend (Table 1) , Hurst exponent was all greater than 0.5, indicating that NDVI of these land use types will maintain an upward trend in the future. Since mountain dry land and grass NDVI was increasing continuously and significantly in the latter part of the study period, namely during 2008-2012 (as shown in Fig. 5 ), the increasing persistence for these two types was stronger than that for hilly dry land and forest.
Effects of temperature and precipitation on NDVI
Spatial characteristics of annual temperature and precipitation effects
Temperature and precipitation influenced the vegetation growth mainly through the direct effect. As shown in Fig. 7 , in 42% of the area where the path analysis was effective and NDVI correlated significantly with temperature (P < 0.05), the magnitude of the direct effect of temperature was greater than its indirect effect, and in 58% of this area the magnitude of the direct and indirect effects were comparable. It indicated that the direct effect of temperature was generally greater than the indirect one and the impact of temperature was mainly through the direct effect. Similarly, the impact of precipitation on vegetation was also mainly through its direct effect. Further, the direct effects of temperature and precipitation on vegetation growth were opposite. The direct effect of temperature was mostly negative (Fig.  7a) , implying annual temperature rise was unfavorable for vegetation growth in the basins. However, most of the direct effect of precipitation was positive (Fig. 7b) , indicating annual precipitation increase was beneficial to the vegetation growth, which agreed with the result of Xu et al. (2014) in this study area. The combined effect of temperature and precipitation was dominant by the direct effect of precipitation. On the one hand, the spatial pattern of the significant combined effect (P < 0.05) was different from that of the direct effect of temperature but similar to that of the direct effect of precipitation. For the area where the direct effect of temperature was significant (P < 0.05), this effect was sparse in the whole basins. For the area where the direct effect of precipitation was significant (P < Fig. 7 Area ratios of relative effect of temperature α t (a) and precipitation α p (b) in area where path analysis is effective and correlation coefficient between NDVI and temperature (precipitation) is significant 0.05), the high value was less and sparse in the east, but it was more and dense in the mid-west. On the other hand, the area with significant direct effect of precipitation was greater than that of temperature. The area where the direct effect of precipitation was significant took up 35% of the basins, while that with significant direct effect of temperature only took up 7%.
Therefore, precipitation was the primary climatic factor that affected the vegetation growth in the Ziya-Daqing basins. This was consistent with the result of Zhao et al. (2010) who analyzed the effects of climate and site conditions on the vegetation distribution among the Taihang Mountains based on Leaf Area Index (LAI).
Effects of annual temperature and precipitation for each land use type
As shown in Table 2 , for forest, NDVI correlated positively with precipitation but negatively with temperature. It suggested that precipitation increase and temperature decrease would be beneficial to the forest growth, in accordance with the result of Yang et al. (2006) who analyzed the effect of precipitation and temperature on the stem volume in the Taihang Mountains based on the forest inventory data from 712 forest sample plots. Actually, precipitation in April and May in this region was both less than 40 mm. Drought in late spring and early summer always limited the forest growth. Temperature increase might increase evapotranspiration and reduce soil moisture, further limiting the plant growth (Yang et al., 2003) . For grass, the correlations between temperature, precipitation and NDVI were similar to those of forest, and NDVI correlated more closely with precipitation than temperature. It indicated that grass growth related more closely to precipitation, which agreed with the result in the central Great Plains of the USA (Paruelo and Lauenroth, 1995; Wang et al., 2001) and Inner Mongolia of China (Chuai et al., 2013) . For the two land use types above as well as mountain dry land, hilly dry land and plain dry land in Xinzhou Basin, the direct effect of precipitation was greater than the indirect effect of precipitation, the direct and indirect effects of temperature. This was because the changes in vegetation productivity highly coincided with the variations of soil moisture in Taihang Mountains, and precipitation increase will lead to the increase of soil water (Yang et al., 2003) . In fact, for the vegetation among the Taihang Mountains, the soil layer depth is generally less than 50 cm, and the infiltration after a rainstorm may compose 70% of the soil water (Song et al., 2010) .
In terms of plain dry land in the NCP for summer maize growing season, the correlation coefficient between NDVI and precipitation was smaller than that for the plain dry land in Xinzhou Basin. This was because in Xinzhou Basin spring maize was the main crop, and precipitation in the early growth stage of spring maize (May) was smaller than that in the early growth stage of summer maize (June). As a result, NDVI of summer maize was less sensitive to precipitation than spring maize. For winter wheat in the NCP, the correlation between temperature and NDVI was positive, which suggests that temperature rising may lead to the increase of wheat yield. It can be explained that warming mainly occurred before flowing, which leads to earlier and longer reproductive stage (Liu et al., 2010) . However, for other vegetation in the basins, NDVI related negatively to temperature. It could be explained that water was the limited factor for vegetation growth in the study area, and higher temperature accelerated the evaporation process, which led to water scarcity and was unfavorable to vegetation growth (Chuai et al., 2013) . For vegetation in the mid-west (forest, grass, mountain dry land, hilly dry land and plain dry land in Xinzhou Basin), the combined effect of temperature and precipitation was significant (P < 0.05), while for vegetation in the east (winter wheat and summer maize in the NCP) it was not, as illustrated in Table 2 . Moreover, the percentage of the area with significant (P < 0.05) combined effect for vegetation in the mid-west was larger than that in the east. In the mid-west, for forest the area with significant combined effect accounted for 36% of the total area of this land use type, considering that 21% was from shrub. The area percentage was 47% for grass (13%, 20% and 14% from dense, moderate and sparse grass), 54%, 37% and 28% for mountain dry land, hilly dry land and plain dry land in Xinzhou Basin respectively. In the east, this ratio for plain dry land was only 8%. It was probably because in the NCP the impact of precipitation and temperature on crop growth was complicated by irrigation (Mo et al., 2009) . Therefore, for vegetation in the Taihang Mountains the influence of climatic variations was greater, and in the east the impact of human activity was important, which agreed with the prediction that mountain ecosystems was more sensitive to climate change (Anderson and Goulden, 2011) .
Spatial distribution of primary effect
Climate is the important factor that impacts the vegetation growth, but the influence of human activity should not be neglected. In this study, we examined the area where the vegetation growth was dominated by human activity and the direct and indirect effects of temperature and precipitation (Table 3) .
As shown in Fig. 8 , the vegetation growth was dominated by human activity in 61% of the basins (except for built-up land and water area). The area with the direct effect of precipitation as the primary effect took up 23% of the basins, and that with the direct effects of temperature and precipitation as the primary effects accounted for 5%. For the whole basins, the area where the vegetation growth was dominated by the direct effect of temperature and indirect effect of temperature or precipitation was about 1%. The ratios of area impacted by human activity and climatic variations agreed with other researches. According to the result in Haihe River Basin (Wang et al., 2014) based on partial and multiple correlation coefficients, the area impacted collaboratively by temperature and precipitation took up 10%, that only by precipitation is 21%, and that by human activity accounts for 68%.
In fact, in the area where vegetation growth was dominated by human activity, NDVI fluctuation (Fig. 2) and change trend was smaller, with insignificant variations (Fig. 4) . This was because this area was mainly composed of plain dry land with water supply and irrigation facilities. In the area where precipitation or temperature dominated the vegetation growth, NDVI fluctuation (Fig. 2) and change trend was greater, with significant variations (Fig. 4) . It can be explained that this kind of area was mainly composed of grass and forest, which was sensitive to climatic variations. For these two land use types, more than 90% of the NDVI variation could be explained by temperature and precipitation (Table 2) . Moreover, for forest and grass in Taihang Mountains annual precipitation increase directly caused the NDVI increase. In fact, compared to the mean annual precipitation during 2001-2006 (455 mm) , the value during 2007-2012 (515 mm) increased by 13%. Particularly, the sum precipitation in July, August and September increased by 50 mm, which took up 83% of the annual precipitation increase. It might be inferred that precipitation increase during July, August and September led to the NDVI increase in Taihang Mountains. Although vegetation growth in the Taihang Mountains was dominated by climatic variations, it should be noticed that the afforested area of the large-scale vegetation restoration project ′Greening Project of Taihang Mountains′ was 8510 km 2 during -2009 (Zeng et al., 2010 , which might have been partly responsible for the greenness increase there.
Relationship between monthly temperature, precipitation and NDVI
The impact of temperature and precipitation on NDVI varies with growth stages (Piao et al., 2006) . In order to identify this difference at the monthly timescale, the correlation coefficients (R) between monthly NDVI and these two climatic variables in the current and preceding 1-, 2-and 3-month were calculated, as shown in Table 4 . For all land use types, NDVI in April correlated positively with temperature in current month, while NDVI in June, July and August correlated negatively with temperature in current month. It suggested that warming will promote vegetation growth in the early growth stage but inhibit in the middle stage. At the beginning of the growing season temperature increase can reduce frost damage, thaw out the frozen soil, promote plant photosynthesis, and thereby boosted vegetation growth (Welp et al., 2007; Guo et al., 2014) . In the middle of the growing season, warming can inhibit photosynthesis directly or through water stress, and is unfavorable to vegetation growth . Compared the correlation coefficient between NDVI and temperature in the current month with that between NDVI and temperature of 1-, 2-, 3-month preceding, it was found that September NDVI of forest, August NDVI of plain dry land in Xinzhou Basin, August (September) NDVI of plain dry land in the NCP responded to temperature with 2-, 1-and 1-month lag-time significantly (P < 0.05, R ≥ 0.58). For plain dry land in the NCP, there was a significant negative correlation between August (September) NDVI and July (August) temperature, which suggested that temperature rising in summer was not beneficial for maize and might lead to productivity decline (Tao et al., 2006) .
For all land use types, monthly NDVI correlated positively with precipitation in the current month, except August NDVI of plain dry land in the NCP. For plain dry land in the NCP, August precipitation is usually sufficient for summer maize growth and excess rainfall may lead to water logging (He, 2012), which is not good for vegetation growth. Most correlations between NDVI and precipitation of 1-, 2-, 3-month preceding were positive, which indicated that precipitation increase in previous period was generally favorable to vegetation growth in the basins. Compared the correlation coefficient between NDVI and precipitation in the current month with that between NDVI and precipitation of 1-, 2-, 3-month preceding, it showed that June NDVI of mountain dry land responded to precipitation with 3-month lag-time significantly (P < 0.05, R ≥ 0.58), May and September NDVI of hilly dry land with 1-month, May and July NDVI of plain dry land in Xinzhou Basin with 1-2 month(s), and July and August NDVI of plain dry land in the NCP with 1-2 month(s).
Phenology response to temperature and precipitation variations
The onset date of greenness for natural vegetation ranged from the 120th to 132th day of a year during 2001-2012, and the average was about the 124th day. According to the ensemble result of five methods for North China (Cong et al., 2013) , the onset date of natural vegetation was about the 128th day, which was later than that in the present work. It was probably because the latitude of the present study area was lower. The cessation date of greenness ranged from the 276th to 288th day (early and middle October), which was earlier than the result for Beijing deciduous broadleaf forest (late October) reported by Xu (2012) . It was due to the different methods and vegetation types. The relationship between the onset date and temperature in the current and 1-preceding month was investigated. It was found that the onset date correlated more closely with temperature in 1-preceding month (April) than in the current month (May). The correlation coefficient between the onset date and April temperature was negative. The onset date will approximately advance by 2 days if April temperature increases by 1℃ (Fig. 9) . According to present studies, the sensitivity of the onset date to April temperature was -3.2 d/℃ for Beijing deciduous broadleaf forest (Xu, 2012) . To spring temperature, it was -2.5 d/℃ for European (Menzel et al., 2006) and China (Wang et al., 2015b) temperate vegetation, while -3.7 d/℃ for China subtropical vegetation (Wang et al., 2015b) . To temperature in the preceding 60 days the sensitivity was -2.1 and -1.9 d/℃ for North China deciduous broadleaf and grass (Cong et al., 2013) . Obviously, the result in the present work was close to those above, while due to different study areas and previous periods for temperature there was tiny difference. Further, soil water condition may impact the response of onset date to April temperature. For example, Fig. 9 Sensitivity of onset date of greenness to mean temperature in April for natural vegetation in 2003, April temperature was slightly lower than the multi-year average, but the onset day did not delay. This was because April temperature in that year was still greater than 5℃ and the heat for vegetation growth could be satisfied (Kaduk and Heimann, 1996) . April precipitation in 2003 was greater than the multi-year average, leading to more soil water and the early onset (Yu et al., 2003) .
The cessation day of natural vegetation correlated weakly with September temperature, but significantly with September precipitation (P < 0.05). It is probably because the relationship between the cessation day and temperature is relatively uncertain (Menzel, 2003; Wang et al., 2015a) . However, the cessation day will delay if the precipitation increases.
Conclusions
Based on MODIS NDVI, temperature and precipitation data during 2001-2012, the vegetation dynamics and its response to climatic variations in the Ziya-Daqing basins was investigated in this study.
The inter-annual NDVI variation varied with land use types. The vegetation productivity had small inter-annual fluctuation and showed insignificant trend in most plain dry land. Due to urbanization (5% of plain dry land changed into built-up land during [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] , the vegetation productivity showed significant downward trend in plain dry land around the city. For forest, grass and dry land among Taihang Mountains, the significant upward trend was found in the past 12 years and vegetation productivity will continue to increase in the future.
Even though the vegetation growth was dominated by human activity in 61% of the basins, for the area where NDVI changed significantly, the inter-annual NDVI variation was primarily determined by the effect of precipitation and this effect was not regulated by temperature. For the land use types with significant NDVI trend, the direct effect of precipitation was greater than the direct effect of temperature and indirect effects of temperature and precipitation, which dominated the combined effect of precipitation and temperature. Precipitation increase (especially in July, August and September) was favorable to greenness enhancement. Summer temperature rising showed negative effect on plant productivity enhancement, but temperature rise in April was beneficial for the vegetation growth. The onset date of greenness for natural vegetation will advance by 2 days if April temperature increases by 1℃.
There was a significant lag-time effect of precipitation or temperature on monthly NDVI for all land use types except grass. The lag-time effect of temperature was significant for forest. This effect of precipitation was significant for hilly and mountain dry land. For plain dry land in the NCP and Xinzhou Basin, the lag-time effects of both temperature and precipitation were significant.
